Selection on phenotypes may cause genetic change. To understand the relationship between phenotype and gene expression from an evolutionary viewpoint, it is important to study the concordance between gene expression and profiles of phenotypes. In this study, we use a novel method of clustering to identify genes whose expression profiles are related to a quantitative phenotype. Cluster analysis of gene expression data aims at classifying genes into several different groups based on the similarity of their expression profiles across multiple conditions. The hope is that genes that are classified into the same clusters may share underlying regulatory elements or may be a part of the same metabolic pathways. Current methods for examining the association between phenotype and gene expression are limited to linear association measured by the correlation between individual gene expression values and phenotype. Genes may be associated with the phenotype in a nonlinear fashion. In addition, groups of genes that share a particular pattern in their relationship to phenotype may be of evolutionary interest. In this study, we develop a method to group genes based on orthogonal polynomials under a multivariate Gaussian mixture model. The effect of each expressed gene on the phenotype is partitioned into a cluster mean and a random deviation from the mean. Genes can also be clustered based on a time series. Parameters are estimated using the expectation-maximization algorithm and implemented in SAS. The method is verified with simulated data and demonstrated with experimental data from 2 studies, one clusters with respect to severity of disease in Alzheimer's patients and another clusters data for a rat fracture healing study over time. We find significant evidence of nonlinear associations in both studies and successfully describe these patterns with our method. We give detailed instructions and provide a working program that allows others to directly implement this method in their own analyses.
Introduction
Selection may act on phenotypes and thus on the underlying genetic components in an indirect manner. One class of genes that are important in evolution are the genes involved in developmental pathways because developmental processes shape the morphologies of species. In recent years, with the newly emerged microarray technology, great effort has been made to identify genes that are expressed in particular developmental stages according to specific patterns (Arbeitman et al. 2002; Baugh et al. 2003; Reinke et al. 2004) . The study of the expression of these genes over time is an important component in understanding how the gene expression patterns covary, and regulation of these genes is then responsible for many down stream phenotypes. Quantitative trait locus mapping represents the traditional method for identifying genes associated with quantitative phenotypes. Here, in this study, we develop a novel statistical method that uses microarray gene expression data to describe the expression profiles for genes that exhibit similar profiles with regard to a quantitative phenotype. This method can also be applied to grouping expression profiles along a developmental time course because time is on a continuous scale.
Microarray technology was developed only recently (Schena et al. 1995) . However, it already has a tremendous impact (i.e., Lander 1999; West et al. 2001) . A single chip can measure the expression of thousands of genes simultaneously. Microarray data can and should be analyzed according to the purposes of the experiments and the data structures. Differential expression analysis aims at detecting genes differently expressed between groups, that is, control and treatment (i.e., Schena et al. 1995; Baldi and Long 2001; Tusher et al. 2001; Dudoit et al. 2002) , whereas cluster analysis classifies genes into different groups Quackenbush 2001; Yeung et al. 2001; Qu and Xu 2004) . In this paper, we focus on grouping or clustering profiles. Previous clustering is based on the similarity of expression profiles across discrete conditions, for example, tissues collected from different types of organs , time points after a particular drug treatment (Saban et al. 2001; Luan and Li 2003) , and doses of a drug injection (Peddada et al. 2003) . The most commonly used methods include hierarchical clustering (Carr et al. 1997 ), K-means (Tavazoie et al. 1999) , and self-organizing maps (Tamayo et al. 1999) . These algorithms are ''heuristic'' algorithms that classify genes based on the ''distance matrix'' and do not require any underlying statistical models. As a possible alternative to the heuristic algorithms, model-based clustering methods have also been proposed and applied to microarray data (Fraley and Raftery 1998; Yeung et al. 2001; Fraley and Raftery 2002; Qu and Xu 2004 ). An advantage of using the model-based algorithms is that the uncertainty of cluster assignment can be evaluated. In addition, alternative models can be exploited and compared.
Gene expression profiles have also been used for classification of tissues for disease diagnosis (West et al. 2001; Bicciato et al. 2003; Liu et al. 2003; Meireles et al. 2004; Tadesse et al. 2005) . Classification methods are conceptually the same as gene clustering in the sense that the data analyses are conducted with rows and columns being transposed. Special techniques have been developed for tissue classification, for example, dimension reduction (Liu et al. 2003 ) and variable selection (Tadesse et al. 2005) .
Clustering based on discrete groups or classification prediction based on discrete categories is valuable. However, there are many evolutionary interesting phenotypes that are quantitative in nature. The association between quantitative phenotype and gene expression can be examined pairwise using a Pearson correlation coefficient between the expression of a single gene and a continuous phenotype (Quackenbush 2001; Kraft et al. 2003) . Taking this one step further, Blalock et al. (2004) ranked genes according to the correlation coefficients of gene expression with Mini Mental Status Examination (MMSE), a quantitative measurement of severity of Alzheimer's disease (AD), and detected many genes associated with AD. Kraft et al. (2003) used the within-family correlation analysis to remove the effect of family stratification. Although the Pearson correlation coefficient is a straightforward way to assess a linear relationship between a single gene and a quantitative phenotype, it is limited to linear relationships with a single gene/phenotype combination. Potokina et al. (2004) investigated the association of gene expression with 6 malting quality phenotypes (quantitative traits) of 10 barley cultivars. They compared the distance matrix for each gene expression profile among the 10 cultivar with each of the distance matrix calculated from the phenotypes and applied a g-test statistic. This approach allows the examination of multiple phenotypes but still focuses on linear associations with a single gene. The linear association between groups of genes and a quantitative phenotype has been described in a regression setting (Jia and Xu 2005) and for groups of genes using factor analysis (Coffman et. al. 2005) . However, the relationship between the phenotype of interest and the gene expression profile may not be linear. For example, in the case of developmentally regulated genes, we may expect to see exponential or Poisson distribution.
In the AD microarray experiment of Blalock et al. (2004) , we have seen a concrete example of nonlinear association between gene expression and MMSE. Figure 1 plots expression profiles (on the y-axis) against MMSE phenotype (on the x-axis) for 6 genes. Gene (ABCF1) shows no obvious association with the phenotype. Gene (37870) and (MYO1F) show positive and negative associations, respectively, with the phenotype. The remaining 3 genes (CALB1, GDF8, and ANKH) show nonlinear associations with the phenotype. Existing methods developed solely for detecting the linear association (Blalock et al. 2004; Jia and Xu 2005) will not identify an association between phenotype and gene expression in these cases (CALB1, GDF8, and ANKH). However, a method able to identify nonlinear association should identify the association between these genes and the phenotype MMSE.
In this study, we develop a novel algorithm to cluster genes based on nonlinear association between gene expression and a quantitative phenotype using orthogonal polynomials under the Gaussian mixture model. In our model, the whole data set is assumed to be a mixture of K clusters. The expression of each gene is considered as the sum of a cluster mean (fixed effect), a normally distributed random effect specific for the gene (random effect), and a random measurement noise. We use a linear contrast to remove the mean expression of each gene, which is not of interest, from the model, so that we can cluster gene based solely on the pattern of association of their expression with the phenotypic values. Parameters in the model are estimated with the expectation-maximization (EM) algorithm (Dempster et al. 1977) . The random effect for each gene is predicted with best linear unbiased predictor (BLUP) (Robinson 1991) . Bayesian information criterion (BIC) is applied to choose the optimal number of clusters. Note that function a i (Z) has a subscript i, meaning that this function varies from gene to gene. In the model-based cluster analysis, Luan and Li (2003) further partitioned a i (Z) into a fixed effect function and a random effect function. The fixed effect function is a mixture of several functional clusters, depending on which cluster the ith gene belongs to. For example, if the ith gene belongs to the kth cluster (k 5 1, ., K), the mixed-effects model is Assume that the ith gene belongs to the kth cluster, with the polynomial reparameterization, model (2) can be now rewritten as a linear function of the phenotypeindependent parameters,
The expectation of Y i (Z) conditional on the fixed effects is 
where g(Z, S) 5 1 for Z 5 S and g(Z, S) 5 0 otherwise.
Model (3) is linear with the model parameters, which can be estimated using the mixed model framework. We first estimate 
Likelihood Function of Normalized Gene Expression
Assume that the expression profiles for M genes are measured in N microarrays, where each microarray represents a single subject. The subjects are sorted by the phenotypic values in either ascending or descending order and denoted by Z 1 , ., Z N . We use an N 3 1 vector to denote the expression levels of gene i collected from N subjects,
where M is the total number of genes. Define constructing matrix w, Supplementary Material online). Let C i be a cluster indicator variable for gene i, for example, C i 5 k if i belongs to cluster k. In matrix notation, the linear model for vector Y i is
where Y i j C i 5k is used to indicate that the model is presented conditional on gene i belonging to cluster k and e i 5½e i1 Á Á Á e iN T is now an N 3 1 vector for the residual effects with a multivariate normal distribution, that is, e i ; N(0, Ir 2 ), where I is an N 3 N identity matrix. There are 2 points that need to be examined with care. One is that the phenotypic value Z needs to be rescaled before it enters the polynomial analysis. This is to ensure that the shape of the curve rather than the mean value is clustered. The rescaled variable, z j , runs between ÿ1 and 11, that is, ÿ1 z j 1 1 (Hayes 1974) . The other point is that we assume all preprocessing for the gene expression profiles has already occurred (e.g., transformation). Let Y ij 5 Y i (z j ) be the log-transformed expression for gene i measured from subject j; then the normalized expression is
Note that after normalization, the intercepts, b k0 and c i0 , have been removed from the model (see Supplemental Material B for the proof, Supplementary Material online).
In addition, we do not have N independent observations of the normalized expression for each gene. Therefore, the last element of vector y i should be excluded and y i becomes an n 3 1 vector for n 5 Nÿ1. Accordingly, b k and c i each becomes a d 3 1 vector, R is a d 3 d matrix, and w becomes a d 3 n matrix. Finally, the vector of residual errors for the normalized data is redefined as Le i , where L (an n 3 N matrix) is obtained by deleting the last row of matrix
for the definition and derivation of this matrix, Supplementary Material online). Therefore, the covariance matrix of the normalized residuals is
where R 5 LL T is a known n 3 n positive definite matrix. Given the parameters h 5 fb, R, r 2 , p) and the data D 5 fy, zg, the likelihood function can be constructed. For a gene in cluster k, the model is
The expectation of the model is
and the variance matrix is
which applies to all i 5 1, ., M.
Let PrðC i 5kÞ5p k be the prior probability that a randomly selected gene belongs to cluster k. Vector p5 ½p 1 Á Á Á p K represents the mixing proportions. The probability density of the ith gene from the kth cluster is
The likelihood function is
Several numerical methods can be used to solve for the maximum likelihood estimates (MLE) of the parameters (Nelder and Mead 1965; Dempster et al. 1977; Kirkpatrick et al. 1983 ). We used the EM algorithm (Dempster et al. 1977 ) because explicit equations for the maximization step are available in the complete data situation.
EM Algorithm for Parameter Estimation
With the EM algorithm, we classify variables into data denoted by D 5 fy, zg, missing values denoted by U 5 fC, cg, and parameters h. The likelihood function given in equation (14) with all the missing values integrated out is the observed likelihood function. Instead of maximizing the observed likelihood function, the EM algorithm deals with the following complete data likelihood function,
where
and
For convenience of presentation, we defined variable g(C i , k) 5 1 for C i 5 k and g(C i , k) 5 0 for C i 6 ¼ k. Because the complete data likelihood function involves missing values, integration (or expectation) is taken with respect to the missing values, not for the complete data likelihood function (15) but for the log-transformed complete likelihood function given below, lðh;C;cÞ5 ln½Lðh;C;cÞ
The expectation of equation (19) with respect to the missing values is lðhÞ 5 E½lðh; C; cÞ 5 T 1 ðhÞ 1 T 2 ðhÞ 1 T 3 ðhÞ; ð20Þ
where T 1 ðhÞ 5 T 11 ðhÞ 1 T 12 ðhÞ; ð21aÞ
The EM algorithm requires taking the partial derivatives of l(h) with respect to the parameters, setting these partial derivatives equal to zero and finding explicit solutions for the parameters as a function of the missing values. This completes the maximization step. The expectation step requires taking the expectations of all terms involving the missing values. Because the complete data likelihood function is just a likelihood function for a typical mixed model, we can simply utilize existing mixed model EM algorithm to find the MLE of parameters (Dempster et al. 1977) . Followings are the EM steps for the mixed model analysis.
Step 0: Let t 5 0 and initialize all parameters with values in their legal domain, denoted by h (t) .
Step 1 (E1): Compute the posterior probabilities of cluster assignment for each gene 
Step 2 (E2): Find the posterior distribution of the random effect. This posterior distribution turns out to be a mixture of K normal distributions. If gene i belongs to cluster k, then the conditional expectation is 
Step 3 (M1): Update the regression coefficients for each cluster
Step 4 (M2): Update the covariance matrix of the random effect
Step 5 (M3): Update the residual variance
Step 6 (M4): Update the mixing proportions
Step 7: Set t 5 t 1 1 and repeat from step 1 to step 6 (2 Esteps and 4 M-steps) many times until kh
The Optimal Number of Clusters
The above EM algorithm applies to situations where the number of clusters K is fixed. In reality, K must be estimated from the data. The commonly used method for inferring K is to calculate the BIC and choose K that maximizes the BIC value (Schwarz 1978) . BIC is considered as an approximation to the Bayesian factor and is defined as BIC K 5 2LðĥjKÞ ÿ dimðhjKÞlnðMÞ;
for K clusters, whereĥjK is the MLE of the parameter vector h under K clusters and dimðhjKÞ is the dimension of h, that is, the number of parameters in the model. After the EM algorithm converges and the number of clusters is determined, we obtain all the estimated parameters. We also have the posterior probability that the ith gene belongs to the kth cluster, p ik 5PrðC i 5kjy i Þ; for i 5 1, ., M and k 5 1, ., K. Based on these probabilities, we can assign the ith gene into the kth cluster if p ik 5maxðp i1 ; .; p iK Þ: The p ik also provides a measurement of the uncertainty about the resulting clustering. We can also try only cluster those genes with the maximum p ik greater than a predetermined cutoff value and declare other genes as unresolved (Luan and Li 2003) .
After gene clustering, we obtain estimates of the gene expression profiles. For the ith gene in the kth cluster, the BLUP of the random regression coefficients c i is given in equation (25) and is now denoted byĉ i : Letb k be the MLE of b k after the EM algorithm converges. The corresponding estimate of the individual gene expression profile for the ith gene in the kth cluster iŝ
Note thatŷ i j C i 5k is a vector of the BLUP estimates of the ith gene expressions on n subjects. The actual gene expression profile isŷ
which can be examined visually by plottingŷ i ðzÞ against z.
Results

Simulation Study
In order to validate the method and the computer program that we developed to implement the method, we undertook 2 simulation studies.
Data Set I
In this data set, we simulated M 5 1200 genes from K 5 5 clusters. The first cluster contained 400 genes, whereas each of the other 4 clusters contained 200 genes. The expression levels of each gene were measured from N 5 50 subjects. The phenotypic value for each subject Z j was simulated from U(0.75, 1.25), a uniform distribution from 0.75 to 1.25. The phenotypic values were then rescaled to z j so that ÿ1 z j 1. The order of the polynomial regression was d 5 4. To simulate the expression values of genes in the kth cluster for all the 50 subjects, we used the following model to generate the data, The e ij were sampled from a N(0, r 2 ) distribution, where r 2 5 0.16. The true proportions of the genes in the 5 clusters were p5½0.333 0.167 0.167 0.167 0.167. The simulated gene expression data were then normalized using y i 5 LYi, where is a 49 3 50 matrix. When we used the normalized data for cluster analysis, the intercepts fb k0 , c i0 g were automatically deleted so that the parameters subject to estimation were both of which had reduced dimensions. We have implemented the algorithm in SAS, which is available as supplemental material online. The cluster analysis was performed using a variable number of clusters, K 5 3, ., 9. The maximum BIC value occurred when K 5 5, the true number of clusters simulated. Under K 5 5, we obtained the following estimated parameters: These estimated values were close to the simulated parameters. We next examined the rate of correct classification of genes for each cluster. We assigned the ith gene to the kth cluster if p ik 5maxðp i1 ; .; p ik Þ: The overall correct clustering rate for the whole data set was 98%, which was distributed as 390/400, 194/200, 199/200, 200/200, and 194/200 , respectively, for the 5 clusters. The true and estimated curves for the 5 clusters are depicted in figure 2. The true curve for each cluster was generated using y k ðzÞ 5 wðzÞb k ; ð35Þ whereas estimated curve for each cluster was generated usingŷ k ðzÞ 5 wðzÞb k ;
for k 51, ., 5, where b k is the true value andb k is the estimate of the mean of cluster k. We usedŷ
to predict the profiles of individual gene expression for the 5 clusters. These profiles are depicted in figure 3.
Data Set II
In this simulation experiment, we generated M 5 500 genes from K 5 6 clusters. The first cluster contained 4000 genes, and each of the other 5 clusters contained 200 genes. Variables Z and Y were simulated in the same way as described for data set I. But this time, we let Using this data set, we compared our method with Kmeans. We implemented the K-means with SAS procedure ''FASTCLUS'' (SAS Institute 1999). The performance of our method was comparable to or slightly inferior to the K-means method for the small clusters (Clusters 2-6). However, it did much better in recognizing genes in the larger cluster (Cluster 1) and had a much better overall correct classification rate (see table 1 We conducted additional simulations with a wide range of parameters and sample sizes. Results of all simulation experiments showed the following expected trends (data not shown): 1) errors of cluster assignments decreased as the differences among the cluster means increased and 2) estimation errors of the parameters decreased as the number of genes within the cluster increased. Application to AD Blalock et al. (2004) measured hippocampal gene expressions from 9 normal persons (controls) and 22 affected persons (cases), N 5 9 1 22 5 31. Each subject had a disease severity measurement, MMSE, whose value varied from 2 (most severe) to 30 (normal). The MMSE is a continuous measure that has been reported as a reliable index of AD-related cognitive status at a given point in time (Miller et al. 2001) . All the subjects were assigned to 1 of the 4 groups (control, incipient, less severe, and most severe), reflecting the different levels of AD severity based primarily on the MMSE score (Blalock et al. 2004 ). The original scores and the orthogonal polynomials of the MMSE for the 31 subjects are shown in table 2.
The expression levels of 22 286 genes were measured from 31 subjects (microarray chips). Here we choose a subset of 9754 genes for analysis based on 2 criteria used by Blalock et al. (2004) : 1) a gene was included only if it is a gene with known function (other than a hypothetical gene or an expressed sequence tag) and 2) a gene was included only if its probe set is detected on at least from 4 chips of this study. We clustered the 9754 genes based on the dependency of each gene's expression levels on the MMSE scores of the 31 subjects, as described in the method section. The gene expression data were log transformed before the analysis.
We analyzed the data using a SAS program (available from supplemental material online) where d 5 4 was chosen as the order of the polynomial regression. We tested the number of clusters from K 5 2 to 20 using the BIC score and found that the BIC scores reached its maximum at K 5 14. Therefore, the following paragraphs only report the results when K 5 14. The estimates of the cluster meanb k and mixing proportionp k for each cluster are presented in table 3. The estimated covariance matrix waŝ The estimated residual variance wasr 2 50:17: We assigned each gene to the cluster with the highest posterior probability ðp ik Þ: Table 3 also shows the actual numbers of genes assigned to each cluster.
In the simulated data, the expression profile of each cluster was predicted using equation (36), and the genespecific expression profile was predicted using equation (37) for each of the 14 clusters. The profiles of all genes for the 14 clusters are depicted in figure 4 .
The first cluster contained 93.5% of the genes whose expression do not change significantly with the phenotypic value. Clusters 8, 10, 11, 12, and 13 accounted for 0.65%, 0.15%, 0.63%, 0.03%, and 3.01% of all genes, respectively. These genes were mainly up regulated with the MMSE score. Clusters 6, 7, and 14 accounted for 0.16%, 0.25%, and 0.49% of all genes, respectively. These genes were mainly down regulated with the MMSE score. Clusters 2, 3, 4, 5, and 9, which accounted for 0.33%, 0.06%, 0.43%, 0.11%, and 0.16%, respectively, represented the genes whose expression changes with the phenotypic values in a nonlinear fashion.
To compare the predicted with the observed gene expressions, we randomly selected one gene from each cluster and presented the comparisons in figure 5. It shows that the predicted profiles do reflect the general trends indicated by the observed data. Blalock et al. (2004) studied this data set using Pearson correlation analysis. Among the 9754 genes, 2852 of them (28.6%) were detected as differentially expressed (nominal P , 0.05) based on the correlation coefficients. In the AD data set, some of the genes classified into clusters 2-14 are not detected as differentially expressed by either correlation analysis or the linear association method.
Application to the Rat Fracture Healing Data
To demonstrate that our method can be applied to time-course gene expression data, we examined an experiment that studied rat fracture healing. The original microarray experiment was published by Li et al. (2005) . In all, 21 rats were used in the study. A standard closed fracture was created in the right femur of each rat. Tissues were collected at different postfracture time points (0d, 1d, 4d, 7d, 14d, 21d, and 28d) , each with 3 replicates. The expression levels of 12 434 genes were measured using Affymetrix Genechips. We picked a subset of 12 124 genes that expressed on at least 1 of the 21 arrays. The raw data were log transformed, and we took the average of the 3 replicates as the measurement of gene expression for each time point. The mean expression of each gene across the time course was removed by the linear contrast strategy described earlier. Luan and Li (2003) used a mixed-effect model with Bsplines to analyze gene expression in yeast cell cycle and identified 5 major clusters. We used the method of Luan and Li (2003) to fit cubic B-splines with 2 internal knots to classify gene expression profiles in the rat fracture healing experiment. The algorithm for generating the B-spline basis was initially described by De Boor (1978) . Unlike the yeast cell cycle data set, in which most genes were differentially expressed, there were only a small proportion of genes in the rat fracture healing experiment whose expression were significantly altered in the time course.
We varied the number of clusters from K 5 5 to 70 incremented by 5 and found that K 5 35 gave the maximum BIC score. Among the 35 clusters, one large cluster contained 10 235 genes (84.4%) whose expression did not change during the time course, whereas the expression of genes in the other clusters evolved with time in different patterns. See Supplemental Material C (Supplementary Material online) for the estimated cluster mean and mixing proportion of each of the 35 clusters.
In order to compare the results of B-splines and polynomials, we reclassified the data with orthogonal polynomials of order d 5 3. Again, we varied the number of clusters from K 5 5 to 70 incremented by 5 and found that K 5 30 gave the maximum BIC score. Similar to the Bsplines approach, the majority of the genes (10 017 out 12 124 genes) were assigned to a large cluster with no apparent change in expression (neutral cluster), whereas a relatively small number of genes (2107 out of 12 124 genes) were assigned to other clusters (see Supplemental Material C for more information, Supplementary Material online). Among the genes placed in clusters other than the neutral one using either the B-splines or the polynomial approach, 1663 of them (79%) were identified as differing from a flat profile by both methods. Therefore, the degree of consistency between the 2 methods is quite high. When the number of time points of measurement is small (7 time points in this experiment) or the curves to be estimated are simple, the method of orthogonal polynomials is perhaps more preferable for biologists because it is simple and easy to understand. If the curves are arbitrarily complex, B-splines should be more preferable.
Discussion
In this paper, ''linear association'' refers to the first order (or straight line) association between 2 variables. Nonlinear kinetics of gene regulation has been investigated by many authors (e.g., Kim et al. 2000; Spieth et al. 2005) . The gene regulatory network is known to be a complex system. Multiple effects, such as the autoregulation (positive or negative self-feedbacks) of a gene, the cooperativity, and competition between genes, may result in nonlinear associations between the expression levels of multiple genes or between the gene expression levels and the phenotypic traits. Motivated by these observations, we have developed a new method, which is capable of describing nonlinear associations between gene expression and phenotype that are not detected by methods using linear associations. Our novel approach to clustering microarray data is based on a nonlinear association of gene expression with a continuous phenotype. This new method is a useful tool for detecting genes associated with continuous phenotypes and to explore the patterns of gene-trait association. We verified our algorithm and implementation with simulated data and then applied the methods to 2 microarray data sets. For the analysis of AD, we found that the majority of the genes had expression profiles that did not show association with MMSE score. Some genes had expression profiles that showed interesting nonlinear association with MMSE score. We also demonstrate that our method can be applied to time-course experiments. Luan and Li (2003) used a mixedeffects model to analyze the time-course gene expression data for yeast cell cycle (Spellman et al. 1998) . They used B-splines basis of the time points as the design matrix. We used orthogonal polynomials with the time points as the ''phenotype'' and then compared our result with that of Luan and Li (2003) for the time-course expression data of fracture healing in rats (Li et al. 2005) . We classified the data with both B-splines basis and orthogonal polynomials. In both cases, we found that the majority of the genes were expressed at relatively constant levels, whereas small subsets of the genes showed patterns that changed over the time course. Among the genes classified as different over time with the B-splines, 88% (1663/1889) were also classified as different over time with the polynomials, and 79% (1663/2107) of the genes classified as different over time with polynomials were also classified as different over time with B-splines. This result indicates a high degree of consistency between the 2 methods.
A B-spline can be described as a piecewise polynomial spline. Instead of fitting one polynomial curve across the data point, it fits different curves in different regions. B-splines require specification of series of internal knots (breaking points), for example, time points or phenotypic values. The polynomial curves are, roughly speaking, equivalent to B-splines with no internal knots. There is no best way to choose the number of locations of the knots, and the choice may have an impact on the results (De Boor 1978) . The flexibility of B-splines makes them particularly suitable to fit complex or periodical curves, for example, the curve of a sine function. To do so effectively, however, a relatively large number of measurements must be made on each and predicted (curve) gene expressions for a randomly selected gene from each of the 14 clusters plotted against the AD phenotype (MMSE score).
subject. Current gene expression data sets do not have the sampling density to effectively estimate complex curves.
Generally speaking, observations with n treatments can be used to fit polynomial curves up to (n ÿ 1)th order, and a higher order always results in better fit. For real data sets, because of the underlying complexity of the data structures, the optimal number of clusters could be large, which results in a great number of parameters to fit. The optimal number of clusters tends to increase with the order of the polynomials used in the analysis. So, increasing the order even by one may result in a much more complex model without much additional information. We selected d 5 4 for the AD data set and d 5 3 for the fracture healing data. We examined other values of d around 4 for the AD data and other d values around 3 for the fracture healing data and found that the results were virtually the same, indicating that these were reasonable choices for the order of the polynomial in these data sets.
Theoretically, the optimal order (d) can be found using the BIC score because it determines the dimension of the model. In practice, however, it is tedious because the number of clusters also determines the dimension of the model. Consider the combination of the order of polynomials and the number of clusters, the potential number of models for evaluation will quickly reach the limit of our capability. Therefore, we suggest that choosing d 5 3 or d 5 4 will be sufficient to describe the complexity of microarray data currently available. If the association is linear or quadratic, choosing d . 2 will overfit the model. This does not present a serious problem because the higher order regression coefficients will most likely have estimates close to zero, and the fitted curve will be effectively linear or quadratic. Recall that the shape of a curve is determined by both the order and the regression coefficients. Two drastically different curves may be described by polynomials of the same order but with quite different regression coefficients.
In analysis of the AD microarray data, we found that the EM algorithm was sensitive to the initial values of the parameters. This is a well-known phenomenon that the EM algorithm is a ''hill-climbing'' approach. The algorithm can only guarantee the reach of a local maximum. In attempt to find the global maximum, we explored many different initial values and chose the solution with the highest converged likelihood value.
In summary, we proposed a new method to identify genes associated in a nonlinear fashion with a quantitative trait using microarray gene expression data. In order to make inferences about the evolutionary processes, the nonlinear relationship between gene expression and phenotype may be of interest in exploring functional and molecular evolution.
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